We performed a Phenome-Wide Association Study (PheWAS) to identify interrelationships between the immune system genetic architecture and a wide array of phenotypes from two de-identified electronic health record (EHR) biorepositories. We selected variants within genes encoding critical factors in the immune system and variants with known associations with autoimmunity. To define case/control status for EHR diagnoses, we used International Classification of Diseases, Ninth Revision (ICD-9) diagnosis codes from 3,024 Geisinger Clinic MyCode 1 subjects (470 diagnoses) and 2,899 Vanderbilt University Medical Center BioVU biorepository subjects (380 diagnoses). A pooled-analysis was also carried out for the replicating results of the two data sets. We identified new associations with potential biological relevance including SNPs in tumor necrosis factor (TNF) and ankyrin-related genes associated with acute and chronic sinusitis and acute respiratory tract infection. The two most significant associations identified were for the C6orf10 SNP rs6910071 and "rheumatoid arthritis" (ICD-9 code category 714) (p METAL = 2.58 x 10 −9 ) and the ATN1 SNP rs2239167 and "diabetes mellitus, type 2" (ICD-9 code category 250) (p METAL = 6.39 x 10 −9 ). This study highlights the utility of using PheWAS in conjunction with EHRs to discover new genotypic-phenotypic associations for immune-system related genetic loci.
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Introduction
Autoimmune diseases affect about 5% of the population and can lead to chronic inflammation targeting specific tissues [1] . The most common autoimmune diseases, such as rheumatoid arthritis (RA), multiple sclerosis, and type 1 diabetes mellitus (T1DM), have overlapping clinical, epidemiological and therapeutic features, but their genetic underpinnings and pathogenesis are still not fully understood [2] . Genome Wide Association Studies (GWAS) have discovered over 200 genetic loci associated with autoimmune diseases [2] , elucidating biological pathways and potential drug targets for autoimmune disorders [3] .
Comparison of results across GWAS shows a series of single nucleotide polymorphisms (SNPs) associated with multiple autoimmune diseases, suggesting the existence of variance in immune traits and pleiotropy [3] . For example, multiple genetic variants that reside within the region encompassing the human leukocyte antigen (HLA) system have been associated with several autoimmune diseases [4] . Although GWAS have identified multiple autoimmune disease susceptibility loci, the biological relationship between genetic variation within these loci and disease status has not been well characterized.
While genetic variation in immune function and inflammation contributes to susceptibility to autoimmune conditions, this variation may also impact a variety of other diseases and diagnoses. The immune system serves as a major defense network in fighting disease and infection. Genetic variation in immune function has been found to contribute to disease susceptibility in multiple classes of disorders [3] . For example, monocyte-specific expression quantitative trait loci (eQTLs) have been identified for genetic variants associated with neurodegenerative disorders such as Parkinson's and Alzheimer's diseases [5] . As a manifestation of immune function, inflammation also plays an important role in conditions beyond contagious or autoimmune diseases. For instance, inflammation has been implicated in multiple disorders including vascular diseases such as atherosclerosis [6] and congestive heart failure [7] , neuropsychiatric diseases like autism [8] , as well as metabolic traits and disorders such as obesity [9] and type 2 diabetes (T2DM) [10] .
To examine potential associations across many phenotypes, Phenome-wide association studies (PheWAS) have been developed as a complementary approach to GWAS, using all available phenotypic information and genetic variation in order to estimate the association between genotype and phenotype [11] . PheWAS are dependent on comprehensive phenotypic information on large numbers of individuals; PheWAS to date have used electronic health record (EHR) International Classification of Diseases (ICD-9) billing codes to define case-control statuses for multiple diagnoses [12] , data from epidemiological studies with hundreds to thousands of phenotypic measurements [13] [11] , as well as clinical trials data [14] . The Phe-WAS framework of evaluating the association between a wide array of phenotypes and markers permits the study of pleiotropy, compared to the GWAS framework of investigating association between a single trait and genetic markers, except when comparing results from multiple separate GWAS [15] . In this PheWAS, we used variants in immune-related genes which provided an opportunity to explore the association between immune system SNPs and phenotypes beyond specific autoimmune and immune system traits, such as diagnoses that may have an immune system involvement but are not specifically classified as an autoimmune/immune system trait.
The goal of this study was to identify associations between selected SNPs with known or possible associations with autoimmune disease and the immune system and a variety of diagnoses, evaluating and contrasting results across two separate EHR systems. We performed our PheWAS analysis using SNPs within genes encoding critical factors for the immune system and SNPs with known associations with autoimmunity, including a series of SNPs also found on ImmunoChip, an array designed by investigators of 11 autoimmune and inflammatory diseases [16, 17] . To explore associations between these SNPs and diagnoses, we used ICD-9 diagnosis codes to define case/control status from two sites within the Electronic Medical Record and Genomics (eMERGE) Network: Geisinger MyCode 1 and Vanderbilt BioVU. Highly significant results were investigated within the individual datasets, and replication of associations was also sought across the two different bio-repositories. The results of this study also demonstrate cross-phenotype associations that may be due to pleiotropy and identified complex networks that exist between immune related genetic variants and many different diagnoses.
Methods

Data Sets
We used de-identified EHR biorepository data linked to genotypic data and ICD-9 diagnosis code data from two sites in the eMERGE Network: Geisinger Health System's MyCode 1 and
Vanderbilt University Medical Center's BioVU [18] . The MyCode dataset had a total of 3,024 individuals and the BioVU dataset had 2,899 individuals available for the study with both phenotypic and genotypic data (Table 1) . Because a majority of subjects in MyCode 1 were of European ancestry (EA), we selected only EA subjects to seek replication with the BioVU data [19] . The Geisinger biorepository has had both general and targeted recruitment for specific diseases, such as obesity and abdominal aortic aneurysms (AAA). BioVU has consented using an opt-out approach, where individuals with discarded blood may or may not be added to the biorepository unless they indicate they would like to opt-out of BioVU [20] . Thus BioVU has no pre-selection for individuals with a specific disease phenotype.
Genotyping, Imputation & Quality Control
We summarize the genotyping, imputation, and quality control procedures in S1 Fig. Geisinger MyCode 1 subjects were genotyped using the Illumina HumanOmniExpress-12 v1.0 array, a total of 729,078 SNPs. Genotyping of BioVU subjects was performed using the Illumina 660 Quad array, a total of 558,590 SNPs. We used imputation for improved genomic coverage and overlap between datasets of immune related variants. We performed imputation using the IMPUTE2 algorithm [21] after phasing with SHAPEIT2 [22] using the 1,000 Genomes cosmopolitan reference panel, resulting in a total of 38,054,243 SNPs in 3,111 samples for MyCode 1 and 38,041,351 SNPs in 3,375 samples for BioVU [23] . Genotype Quality Control (QC) procedures were performed prior to association testing using the R programming statistical package [24] and PLINK software [25] . QC was performed on each dataset separately. The first step was to filter out the SNPs with poor imputation 
Phenotype Data
To define case-control status for each ICD-9 code, a MySQL database was used to assemble the phenotypic data, consisting of 6,525 ICD-9 codes from the MyCode 1 dataset and 1,206 ICD-9
codes from BioVU. A case was defined as an individual with more than three instances of a specific ICD-9 code. Controls were defined as individuals not meeting the case criteria. More than ten case subjects were required for inclusion of a diagnosis in our study. Using these criteria there, were 3,024 samples and 477 ICD-9 codes in MyCode 1 , and 2,899 samples and 380 ICD-9 codes in BioVU. For replication of results across the two studies, there were a total of 50 exact ICD-9 code matches (i.e. 3, 4 and 5 digit ICD-9 code) across both datasets, and a total of 186 ICD-9 category (i.e. three digit ICD-9 code) matches across both datasets.
Selection of SNPs for the Study
While we used genetic data from Illumina arrays, we focused on SNPs related to the immune system, and chose from our array data SNPs present on ImmunoChip (Illumina) or known to be involved in the immune system within a specific set of genes (see S1 Table for a list of these 34 genes). The ImmunoChip is a custom genotyping array designed by Illumina with 195,806 SNPs for performing deep replication of associations with major autoimmune and inflammatory diseases including fine mapping of GWAS loci covering 11 major autoimmune diseases (e.g., T1DM, autoimmune thyroid disease, celiac disease and multiple sclerosis), seronegative diseases (e.g., ulcerative colitis, Crohn's disease, and psoriasis), and rheumatic diseases (e.g., RA, ankylosing spondylitis and systemic lupus erythematosus) [17] . Also included on ImmunoChip are all the previously confirmed GWAS SNPs for which probes could be designed using data from the 1,000 Genomes Project [16] . From this study, we selected only SNPs from our genome-wide array data that were on the ImmunoChip array or within the genes we identified for involvement in the immune system. The SNP filtering process is shown in Fig 1. Biofilter was the tool used to generate the list of SNPs for association testing. Biofilter is a software tool with an extensive database containing biological knowledge from publicly available repositories of biological data that can be used to annotate genomic information, as well as filter genomic information based on specific criteria [26, 27] . First Biofilter 2.1 was used to annotate the post-QC SNPs of this study with gene information for any SNPs within Entrezdefined gene boundaries. Then Biofilter was used with the genotypic data from each EHR site to filter SNPs, maintaining only those SNPs matching within the 34 genes selected for their known involvement in the immune system (S1 Table) . The SNP filtering step resulted in 95,448 SNPs from MyCode 1 and 87,690 SNPs from BioVU, with a total of 76,861 SNPs overlapping across the two datasets available for association testing (Table 1) .
Association Testing and Identifying Replication
In both datasets, separately, associations were calculated using logistic regression with models adjusted for sex, age, and the first five principal components. In the MyCode 1 dataset, using This flow chart provides an overview of the steps taken to perform PheWAS between immune variants and ICD-9 diagnosis codes. The final testing dataset (purple) was formed by selecting SNPs from our array data that also exist on Immunochip and/or are within immune-related genes (yellow) and removing samples with missing genotypic or phenotypic data (green). Comprehensive associations were calculated between all final dataset SNPs and ICD-9 code based case/control status using logistic regression, with all models adjusted for age, sex and first five principal components. Replication was sought following both an exact ICD-9 code and a category ICD-9 code approach following the specified criteria. Pooled analysis was performed for both approaches using METAL. See S1 Fig for the full workflow from imputation through quality control, association testing, and replication for this study.
logistic regression, the strength and significance of associations were evaluated between 95,448 SNPs and 477 clinical diagnoses. There were a total of 366,468 associations with p < 0.01. In the BioVU dataset, association testing was performed on 87,690 SNPs and 380 phenotypes. There were a total of 261,346 associations with p<0.01. We also compared our results to a Bonferroni corrected p-value threshold. A LD pruning approach was used to account for correlation between the SNPs and identified independent SNPs at r 2 = 0.3 [28] . , where we could not seek replication across both datasets, as the ICD-9 codes were only specific to each study. For replication we used two approaches. In the first approach, association results replicating across both datasets for the same SNP and exact ICD-9 diagnosis code, with same direction of effect of the association were used. In the second approach, we also used the database to seek replication across both datasets, for the same SNP and ICD-9 code category, with the same direction of effect of the association. ICD-9 codes classify diagnoses; there are three digit ICD-9 codes that specify disease categories (e.g. code 405 for "secondary hypertension") that can be further subdivided using multiple four or five digit sub ICD-9 codes (e.g. 405.1 for "benign secondary hypertension", 405.11 "benign renovascular hypertension"). Wide variation exists across institutions in the way specific ICD-9 codes are applied, although three digit ICD-9 categories are used more consistently for diagnoses from institution to institution. We therefore analyzed results based on replication requiring the exact ICD-9 code used in the association (i.e. three, four, or five digit sub ICD-9 codes), as well as evaluating results based on replication requiring only the same three digits of the ICD-9 code category. S3 and S4 Tables show all of the results where the criteria for replication were met for the same ICD-9 code, and for the same ICD-9 code category, respectively. We also annotated SNPs in replicating associations between BioVU and MyCode 1 with information from the NHGRI-EBI GWAS catalog [29, 30] and GRASP [31, 32] , thus identifying any previously reported associations for these SNPs. We used a p-value threshold of 1x10 -5 (default for NHGRI-EBI GWAS catalog) on the associations reported in both the sources.
Focusing on Immune System and Autoimmune Traits
We further explored results for associations with phenotypes/diagnoses more closely linked to the immune system or autoimmune disease. Thus, we filtered the results presented in S4 Table  ( all results where the criteria for replication were met for the same ICD-9 code category) for only ICD-9 categories related to the immune system or autoimmune disease by having three individuals identify any ICD-9 categories for removal that were too broad (such as "general symptoms, not otherwise specified", etc.), cancer related diagnoses, and diagnoses clearly related to accident or surgery (such as "hypothyroidism due to ablation"). In this way, we retained ICD-9 codes describing autoimmune reactions or clearly influenced by immune system variation. Table 2 lists the ICD-9 categories and descriptions selected through this process, as well as the genes in which the variants are located. This process resulted in 409 associations (S5 Table) .
Visualization Tools
We used Synthesis-View [33] , PhenoGram [34] , and Cytoscape [35] , to visualize the results. Synthesis-View was used to visualize the SNP-phenotype associations and to plot associations matching previously reported associations in the NHGRI-EBI GWAS catalog and GRASP.
PhenoGram was used to visualize potentially pleiotropic SNPs by creating a chromosomal ideogram with lines denoting SNP locations and colored circles depicting phenotypes associated with those SNPs. We also used Cytoscape 3.0 to visualize network diagrams from the significant PheWAS results. To produce the Cytoscape plots, we first used Biofilter to annotate the PheWAS result SNPs with the gene, or the closest gene to the SNP. We then used Biofilter to obtain the gene annotations from Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways [36] .
Functional Annotation
To obtain functional information, we annotated the SNPs used in this study with HaploReg V2 [37] and SNP and CNV Annotation Database (SCAN) [38] . HaploReg provides functional annotation of SNPs within LD blocks, and includes information on chromatin state in multiple cell types, regulatory motif alterations and sequence conservation. SCAN provides information from eQTL experiments with a list of genes whose expression is affected by the given SNP in Caucasian (CEU) and Yoruba (YRI) populations. We used expression data specific to the CEU population from SCAN.
Results
PheWAS in Two EHR Datasets Using ICD-9 Codes
Fig 1 provides an overview of our study to identify comprehensive associations between immune system related variants and ICD-9 based case/control diagnoses within MyCode 1 and BioVU data (further details available in Methods). S1 Fig shows the full workflow, from imputation through quality control, association testing and replication for this study. Table 1 provides a summary of the datasets used. Only subjects of EA with both phenotypic and genotypic data within these sites were selected for discovery and replication analyses.
Evaluating the two EHR datasets separately yielded a total of 366,468 associations (p < 0.01) between SNPs and ICD-9 codes in the MyCode (β = 2.2, cases = 32, controls = 2,861), which did not pass our Bonferroni threshold. While these are most significant associations within each dataset independently, they did not replicate across both MyCode and BioVU. Geisinger's genotyped cohort from MyCode 1 had a large number of cases with AAA or obesity, warranting further exploration for immune variation related to AAA and obesity. Inflammatory processes have been implicated in AAA as well as obesity [39] . We found an association within MyCode between "abdominal aortic aneurysm without mention of rupture" (ICD-9 code 441.4) and rs11084402 on chromosome 19 (p = 2.22 x 10
, β = 0.36, cases = 778, controls = 2,246). There were no associations for AAA in the BioVU dataset.
We further explored results with diagnosis codes meeting the criteria for inclusion, but for associations where we could not seek replication because that ICD-9 code was not present in the other dataset. There were a total of 50 exact ICD-9 code matches across both datasets, and a total of 186 exact ICD-9 category matches across both datasets, which placed limitations on seeking replication across the two sets. For the results where we could not seek replication due to the ICD-9 codes not being present in the other dataset, we focused our attention on association results with the highest case numbers (hundreds to thousands of cases) with p < 1x10 -4 .
While this p-value cutoff is less stringent than our Bonferroni cutoff, we chose a more exploratory p-value cutoff focused on the most highly suggestive and powered associations from the PheWAS. S2 . In MyCode 1 , we found associations between SNPs and metabolic disorder traits, including with "essential primary hypertension" (ICD-9 code 401.9), "other and unspecified hyperlipidemia" (ICD9-code 272.4), and "morbid obesity" (ICD-9 code 278.01). Interestingly, there were related metabolic disorder traits in BioVU, but these did not replicate the MyCode 1 results. For example, among the highest case numbers in BioVU for p<1x10 -4 there were associations between SNPs and diagnoses including "essential hypertension" (ICD9-code 401), and "disorder of lipoid metabolism" (ICD-9 code 272).
PheWAS Results with Replication
To identify further robust associations, we also sought replication of results across the two datasets using two approaches: seeking results for the same SNP and same ICD-9 code category (i.e. truncating the ICD-9 code for each case/control status to the three digit ICD-9 code) with p<0.01 and the same direction of association, and also seeking results for the same SNP and exact ICD-9 code (i.e. the exact ICD-9 case/control status for each association, varying from three to five digits) with p<0.01 and the same direction of association (Fig 1) . There were a total of 224 associations with exact ICD-9 code replication across the two datasets with p<0.01, for the same SNP, coded allele, and direction of effect (S3 Table) . Of the 224 replicated associations with the exact same ICD-9 code, the most significant association in BioVU that replicated in MyCode 1 was between "soft tissue disorders" (ICD-9 code 729.1) and the We had a total of 3,054 results for the same SNP, coded allele, and direction of effect, when the replication criterion was based on requiring the same ICD-9 code category, (S4 Table) and association between F5 SNP rs6427196 and "pulmonary embolus" (ICD-9 code category 453) was most significant with p MyCode = 1. We used METAL [40] to perform a pooled-analysis for both sets of results meeting our criteria for replication across BioVU and MyCode 1 (S3 and S4 Tables). The most significant of these associations was between the diagnosis "myalgia and myostosis" (ICD-9 code 729.1) and the PLA2G2E SNP rs1108975 with p METAL = 8.99 x 10 −8 (Case/Control MyCode = 136/ 2,888, Case/Control BioVU = 43/2,853). Of the 3,054 results meeting our PheWAS replication criteria for the same ICD-9 code category, the most significant association was between the diagnosis "rheumatoid arthritis and other inflammatory polyarthropathies" (ICD-9 code category 714) and C6orf10 SNP rs6910071 with a meta-analysis p METAL = 2.58 x 10 −9 (CaseControl MyCode = 60/2,964, Case-Control BioVU = 81/2,818). Another top association signal was between the ATN1 SNP rs2239167 and "diabetes mellitus, type 2" (ICD-9 category code 250) with a p METAL = 6.39 x 10 −9 (Case-Control MyCode = 23/3,001, Case-Control BioVU = 41/2,858).
Matching Previously Reported GWAS Results
Results replicating in both biorepositories using the exact ICD-9 code and ICD-9 categorybased PheWAS were evaluated for any matches to SNPs with previously reported associations for the same phenotypes with significance of p-value<1x10 -5 in the NHGRI-EBI GWAS catalog and GRASP. We found that GRASP included GWAS results from many more studies than the NHGRI-EBI catalog and most association in NHGRI-EBI were also reported in GRASP.
However, we report SNP associations from previous GWAS if it is reported in either NHGRI-EBI catalog or GRASP. Of the SNPs in the 224 exact ICD-9 code replicating associations, we found a total of 10 SNPs with phenotypic associations also previously reported in existing GWAS. However, none of these SNPs were associated with the same phenotypes in our study compared to existing GWAS. For example, the PARD3B SNP rs1207421 is reported in the GWAS catalog to be associated with "knee osteoarthritis" (reported GWAS p = 6 x 10 −6
) [41] . In our study this SNP had a novel association with "scar conditions and fibrosis of skin" (ICD-9 code; 709.2), and was not associated with osteoarthritis.
In our results meeting the PheWAS criteria for replication in both datasets for the same ICD-9 code category, a total of 284 SNPs were also represented in either NHGRI-EBI GWAS catalog or the GRASP database. A total of 42 SNP-phenotype pairs matched identical associations reported in the GWAS catalogs, and five results had a diagnosis closely related to the phenotype reported in the GWAS catalogs. A few top SNP-phenotype pairs matching previously reported associations include the C6orf10 SNP rs6910071 associated in our study with "rheumatoid arthritis and other inflammatory polyarthropathies" and reported previously to be associated with RA [42] [43] [44] , Case/Control MyCode = 85/2,939, Case/Control BioVU = 138/2,761), and this SNP has shown previous association with RA [43] . Fig 2 shows a plot of the replicating associations found for our ICD-9 code category PheWAS for SNPs matching the exact or closely related ICD-9 code category description in previously reported studies.
Associations with Immune and Autoimmune Related Diagnoses
From the replicating category ICD-9 code results, we concentrated on the 441 SNP-ICD-9 code associations for immune-or autoimmune-related diagnoses, i.e. diagnoses more directly impacted by immune system variation. To assist developing a robust list of more specifically immune-or autoimmune-related ICD-9 codes, three separate researchers evaluated the selection of these ICD-9 code classes to reach consensus, resulting in 441 SNP-ICD-9 association results for further evaluation. In Table 2 , we list the ICD-9 categories selected for this analysis as well as the genes with SNPs. S4 Table lists the association results meeting the criteria for significance and replication. Fig 3 presents the results for the 441 SNP-ICD-9 associations related to immune function. Fig 3 shows the great diversity of the replicating results, ranging from autoimmune conditions, such as "rheumatoid arthritis" (RA) (ICD-9 code: 714), to contagious diseases, such as "bacterial pneumonia" (ICD-9 code: 482), to inflammatory diseases including "erythematous conditions" (ICD-9 code: 695). The diagnosis with the largest total number of replicating association results in Fig 3 was "osteoarthrosis" (ICD-9 code: 715) with 53 results in the MyCode 1 and BioVU datasets. "Diabetes mellitus, type I" (TIDM) (ICD-9 code: 250) and "chronic sinusitis" (ICD-9 code: 473) each had 49 replicating results in both datasets.
Within this subset of results, the statistically most significant results include associations with RA, T1DM, and allergic rhinitis and osteoarthrosis. RA and T1DM are both common autoimmune diseases, and inflammation has been implicated in the pathogenesis of osteoarthrosis [49] . The most significant replicating association from the pooled analysis was between rs6910071 and the diagnosis RA with p METAL = 2.58 x 10 −9 , as mentioned above this SNP has also been associated with RA in previous GWAS.
Functional Annotation of Associated Variants within Genes
Of the 441 autoimmune and immune system related results, we next considered SNPs directly mapping to or within 50 kb of a gene to include promoter and regulatory regions, for potentially relevant genes. There were 233 associations of SNPs that mapped within genes. Herein, we again observed multiple variants mapped to genes with known relationships with associated phenotypes, particularly for RA and T1DM within the well-characterized HLA locus. This group included SNPs associated with T1DM within the HLA-DMA, and HLA-DOB genes, and SNPs associated with RA mapped to HLA-DRB9 and HLA-DRB1. The SNP rs1480380 associated with osteoarthrosis and T1DM in our study is within 50 kb of HLA-DMA. Nine SNPs associated with T1DM in our study were in the HLA-DRA gene, and eight SNPs associated with RA also mapped to HLA-DRA. It is important to consider that the HLA region on chromosome 6 is highly polymorphic and there could be variability in HLA alleles due to population stratification. We only used EA individuals in this study, thus we expect less variation in the HLA region compared to a cohort across multiple ancestries. Further, we compared the MAFs of HLA region SNPs with 1000 Genomes EA population and the frequencies were very close.
Functional Annotation of Associated Variants outside Protein-Coding Genes
Of the 441 replicating associations classified as autoimmune-or immune-related, there were 208 associations where SNPs mapped outside protein coding genes, with a total of 206 SNPs. We annotated the SNPs that did not map to genes with information on potential functionality using two public databases: HaploReg V2 and SCAN (S6 Table) .
A total of 40 SNPs were associated with significantly altered gene expression in HapMap CEU lymphoblastoid cell lines in the SCAN database. The statistically most significant eQTL in SCAN for our 206 SNPs is rs2395182 and the expression of eight HLA locus genes as well as other genes including RNASE2, and ZNF749. In our study, this SNP was associated with "rheumatoid arthritis and other inflammatory polyarthropathies" (ICD-9 code: 714). This SNP is located 495 bp upstream of HLA-DRA. Another highly significant SCAN eQTL exists between the SNP rs1794282 and altered expression of HLA-DQA1 and HLA-DQA2. In our study, SNP rs1794282 was associated with "type 1 diabetes" (ICD-9 code: 250).
We also used HaploReg to annotate the 206 SNPs that were outside gene boundaries, as well as any SNPs in LD (r 2 > 0.8) with the original SNPs. Of these 206 SNPs, 134 had altered regulatory motifs in HaploReg and are likely to influence transcriptional regulation. Sixteen of the SNPs were reported to be strong enhancers in one cell type, and 47 SNPs are weak enhancers in one or more cell types, supporting the potentially functional role of these variants.
Pleiotropy and Association Network
With the wide range of phenotypes explored in PheWAS, SNPs associated with more than one phenotype can be identified, indicating potential pleiotropy. In this study, 107 out of 2,770 SNPs had associations meeting our PheWAS criteria for the same ICD-9 code category that demonstrated potential pleiotropy. An instance of such potential pleiotropy is seen with SNP rs114369580 which was found to be associated with immune related disorders T1DM and gout. The plot on the results of the SNPs associated with more than one phenotype is shown in Fig 4. We further explored the interrelations between association results as a network using Cytoscape. Fig 5 shows a sub-network of our results for potential pleiotropy. We used SNPs that met our PheWAS criteria for replication for the same ICD-9 code category, and annotated those SNPs with the nearest gene. Next we used Cytoscape to link together ICD-9 codes with genes, where those ICD-9 codes are associated with the SNPs within those genes. Next we annotated the genes using the KEGG [36] pathways, and added them to the network. In the network, the diagnoses of RA and T1DM link to HLA-DRA, a gene found in the rheumatoid arthritis and type I diabetes KEGG disease pathways. Another interesting pattern was between IL6 (rs2069843, rs2069849, rs1548216, rs2069844) and RA (ICD-9: 714) and IL23R (rs10889675) and "arthropathy" (ICD-9: 716), where both genes are from the interleukin gene family and found in a JAK-STAT signaling pathway. In Fig 5, the number of replicating association SNPs within a gene is represented by thickness of the lines. We identified that ANK3 has most number of SNPs (a total of 65 SNPs) associated with chronic sinusitis (ICD-9: 473), Acute upper respiratory infections (ICD-9: 465).
Discussion
Using PheWAS we found a series of associations between SNPs within or in close proximity of genes with known involvement in the immune system, such as genes within the HLA locus, including genetic variants within HLA-DRA associated with a series of immune-relevant diagnoses. As a member of the HLA class of molecules, HLA-DRA is expressed in various antigen presenting cells, and has been implicated in both T1DM [50] and RA [51] .
Four SNPs in both biorepositories with associations with RA are within IL6. The product of the IL6 gene is an interleukin, both a pro-inflammatory cytokine and an anti-inflammatory myokine, with an important role in regulation of inflammation and hematopoiesis. Therapies targeting the IL6 signaling system have been found effective for the treatment of RA [52] .
A different group of three SNPs associated with RA mapped to TNIP1, a gene encoding an A20-binding protein that has a role in autoimmunity through the regulation of NFκB activation. Previous studies have shown genetic variants in TNIP1 associated with various autoimmune conditions including psoriasis, and systemic lupus erythematous [53] .
The most significant association in MyCode 1 that replicated in BioVU was for the SNP rs6682179 mapped to the F5 gene, which was associated with pulmonary embolus and deep vein thrombosis (ICD-9 code category 453). The F5 gene encodes the coagulation factor V protein, a protein that circulates in the blood and is part of the blood coagulation cascade. The F5 gene has many known mutations causing different blood coagulation disorders like factor V deficiency [54] and factor V Leiden thrombophilia [55] . We found that rs6682179 from our study is in linkage disequilibrium with rs2420371 and rs1018827 that have known For the gene HLA-DRA with SNPs associated with "714: rheumatoid arthritis" and "250: type 1 diabetes" is present in the KEGG pathway of "rheumatoid arthritis" (red line) and "type 1 diabetes" (green line) respectively. Also, the blue edge shows the connection between "714: rheumatoid arthritis", "716: other specified arthropathies" and the KEGG "JAK-STAT signaling pathway" through two interleukin genes, IL23R and IL6. associations with plasma levels of natural anticoagulant inhibitors [56] and venous thrombosis [57] , respectively. Within our replicating results, a majority of the SNPs associated with chronic sinusitis (ICD-9: 473), and acute upper respiratory infection (ICD-9: 465) phenotypes map to genes that encode members of the ankyrin protein family. Specifically, several SNPs mapping to ANK3 are highly represented in both the acute respiratory infection and the chronic sinusitis association results, and variants mapping to ANKS1A were associated with acute sinusitis. Ankyrin proteins are involved in cell migration and in mediating the attachment of proteins to the cytoskeleton. While this protein family is not implicated in immune-related disorders, it is of interest that related phenotypes are associated with SNPs mapping to the same class of genes.
While we were able to seek replication of association results across two separate EHRs, a challenge was the limited overlap between the two datasets for specific ICD-9 codes as well as ICD-9 categories. Thus, it will be worthwhile to seek replication in other data sets in the future, such as through other sites of eMERGE [58, 59] , or evaluate the results using another method such as permutation testing. This lack of overlap is partially due to the variation in coding practices for ICD-9 codes from medical institution to institution. The lack of overlap is also likely partly due to the targeted recruitment of individuals with specific diseases at Geisinger, as the MyCode 1 dataset is enriched for patients with obesity or AAA.
Another potential limitation in PheWAS is the multiple hypothesis-testing burden. We contrasted the significance of our results with a Bonferroni correction. We have correlated SNPs, and we also have correlated phenotypes within this study. The use of ICD-9 codes for case/control status is less well powered than traditional GWAS, due to lower case numbers. Also, the goal of PheWAS is to be exploratory, generating new hypothesis for further research. Thus we focused our evaluation within this manuscript on replication (when possible) across the two datasets and performed a meta-analysis for the results replicating across the two studies. We evaluated the SNP-phenotype associations by calculating individual SNP-phenotype associations; a future direction is evaluation and use of methods that combine information from multiple phenotypes for statistical testing.
We focused our associations on genetic variants within genes with evidence of involvement in autoimmunity and the immune system. We could have used a more general approach, seeking associations between autoimmune-and immune-traits and genome-wide SNPs, but this would have increased our multiple hypothesis testing further. Our more narrow search space will have missed genetic variants without previous evidence of association with autoimmunity and the immune system.
Our PheWAS analysis pipeline replicated previously published associations between SNPs and immune phenotypes. We also have identified a series of potential novel associations, and some of these results replicated with exact ICD-9 code or ICD-9 code category across two separate EHRs. Further studies are needed to confirm the biological validity of our potentially novel associations. Our results demonstrate potential pleiotropy, through cross-phenotype associations where individual SNPs are associated with more than one diagnosis. Further, our results show associations between inflammation/autoimmune related SNPs and disease/outcomes such as obesity, underscoring the impact of variation in the immune system on complex traits beyond direct connections to autoimmunity and the immune system. 
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